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SYSTEMAND METHOD FOR GENERATING 
SYNTHETIC WORKLOAD TRACES 

TECHNICAL FIELD 

The flowing description relates generally to generation of 
synthetic workload traces, and more particularly to systems 
and methods for generating synthetic workload traces of 
expected future resource demands by a workload based on 
representative workload demand patterns. 

DESCRIPTION OF RELATED ART 

Various computing environments exist in which comput 
ing workloads are Supported/processed by the computing 
environment, and a desire generally exists for performing 
appropriate capacity planning for the computing environment 
to ensure that the environment has sufficient computing 
resources for adequately supporting an expected future work 
load. As a result of capacity planning, a determination may be 
made regarding whether and to what extent the computing 
environment's computing resources should be modified (e.g., 
increased), and/or a determination may be made regarding 
how many workloads to assign to a given resource of the 
computing environment. For instance, today computer sys 
tems are delivering (e.g., via computer networks, such as the 
Internet) a large array of business, government, and personal 
services. Similarly, mission critical operations, related to sci 
entific instrumentation, military operations, and health Ser 
vices, are making increasing use of computer systems and 
computer networks for delivering information and distributed 
coordination. For example, many users are accessing service 
providers’ computer systems via the Internet seeking Such 
services as personal shopping, airline reservations, rental car 
reservations, hotel reservations, on-line auctions, on-line 
banking, stock market trading, as well as many other services 
being offered by service providers via computer networks, 
such as the Internet. Therefore, many service providers are 
competing in Such electronic forum. Accordingly, it is impor 
tant for such service providers (sometimes referred to as 
“content providers') to provide high-quality services. To do 
so, it has become desirable for such service providers to 
perform appropriate capacity planning to ensure that they can 
adequately service the demands placed on their systems by 
their clients in a desired manner (e.g., provide responses to 
requests in Sufficiently fast time, etc., such as by serving 
responsive web pages to a requesting client within 8 seconds 
and/or satisfy some other quality of service target). 
As information technology (IT) and application infra 

structures, such as those employed by the above-mentioned 
service providers for serving their clients, have become more 
complex, predicting and controlling the issues Surrounding 
system performance and capacity planning have become a 
difficult (and sometimes overwhelming) task to many orga 
nizations. For larger IT projects, it is not uncommon for the 
cost factors related to performance tuning, performance man 
agement, and capacity planning to result in the largest and 
least controlled expense. Application performance issues 
have an immediate impact on customersatisfaction. A sudden 
slowdown of an enterprise-wide application can affect a large 
population of customers, can lead to delayed projects, and 
ultimately can result in company financial loss. 
Many computing environments contain resource pools that 

may be shared for supporting a number of different work 
loads. In general, resource pools are collections of computing 
resources, such as clusters of servers, racks of blades, or other 
computing resources that offer shared access to computing 
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capacity. Depending on the granularity of a given implemen 
tation, a resource pool may be a collection of separate com 
puting devices (e.g., separate servers, separate clusters of 
servers etc.) or it may be a collection of resources on a 
common computing device (e.g., multiple processors on a 
single server). Various types of resource pools are known, and 
techniques have been developed for managing access to Such 
resource pools. For instance, virtualization services have 
been developed that offer interfaces that support the lifecycle 
management (e.g., create, destroy, move, size capacity) of 
resource containers (e.g., virtual machines, virtual disks) that 
provide access to shares of resource capacity (e.g., CPU, 
memory, input/output). Various consumers (e.g., applica 
tions) may share access to the resources of a resource pool. 
That is, various consumers may share utilization of the 
resources in a resource pool for servicing their respective 
workloads. In this sense, a "consumer” refers to anything 
(e.g., process, etc.) that consumes capacity of the pool's 
resources. Thus, a consumer has a corresponding workload 
that demands capacity of the computing resource(s). Accord 
ingly, a consumer generally consumes capacity for use in 
servicing the consumers workload. Thus, the consumer has a 
resource “demand for capacity from the resource pool for 
servicing its workload in a desired manner. A "computing 
resource as used herein, refers to any resource now known 
or later developed that a consumer utilizes in servicing a 
workload, including without limitation processing resources 
(e.g., CPUs), data storage resources (e.g., memory, hard 
drive, etc.), communication resources (e.g., communication 
ports, bandwidth, etc.), and input/output (I/O) resources, as 
examples. Resources in a pool have capacity attributes, e.g., 
CPU, memory, I/O operation rates, and bandwidths, each 
with limited capacity. 
When managing resource pools, application workloads 

may be assigned to resource containers that are then associ 
ated with resources in the pool. Management may occur at 
several different timescales. Long-term management corre 
sponds to capacity planning and takes place over many 
months. Over a medium-timescale, e.g. hours, days or 
months, groups of resource containers are found that are 
expected to share resources well. These containers are then 
assigned to their corresponding resources. Capacity manage 
ment tools can be used to automate Such a process. Once 
resource containers are assigned to a resource, a workload 
manager for the resource governs access to resource capacity 
over short time scales, e.g. 15 seconds. A workload manager 
can provide static allocations of capacity or change the per 
resource container allocations based on time-varying work 
load demand. 

In the distant past, data centers were made up of Small 
numbers of large mainframe computers that each hosted sev 
eral application workloads with many users. Capacity plan 
ning experts helped to ensure that sufficient aggregate capac 
ity was available just in time, as it was needed. With the 
advent of distributed computing, new application workloads 
were typically assigned to their own Smaller servers. The 
incremental cost of capacity from Smaller servers was much 
less expensive than the incremental cost of capacity on main 
frames. Capacity planners would often anticipate al applica 
tions workload demands two years in advance and pre-pro 
vision a new server with sufficient capacity so that the 
workload could grow into it. However, the explosive growth 
in both enterprise computing and Internet computing has led 
to server sprawl in data centers. Enterprise data centers are 
typically full of large numbers of lightly utilized servers that 
incur high cost of ownership including facilities cost. Such as 
rent and power for computing and cooling, high Software 
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licensing cost, and high cost for human management activi 
ties. Many enterprises are now beginning to exploit resource 
pools of servers Supported by virtualization mechanisms that 
enable multiple application workloads to be hosted on each 
server. Different mechanisms have capabilities and charac 
teristics that distinguish their purpose within data centers. 
Known virtual machine technologies, such as Xen, VMware, 
etc., enable configuration isolation, e.g., virtual machines 
may execute different operating systems and/or operating 
system versions while sharing the same physical host. Fur 
thermore, some virtualization mechanisms (e.g., Xen, 
VMware) provide the ability to dynamically migrate virtual 
machines from one physical machine to another without 
interrupting application execution. Different products have 
different capabilities and different performance overheads. 
The primary motivation for enterprises to adopt such tech 

nologies is increased flexibility, the ability to quickly repur 
pose server capacity to better meet the needs of application 
workload owners, and to reduce overall costs of ownership. 
Unfortunately, the complexity of these environments presents 
additional management challenges. There are many work 
loads, a finite number can be hosted by each server, and each 
workload has capacity requirements that may frequently 
change based on business needs. Capacity management 
methods are not yet available to manage Such pools in a 
cost-effective manner. Accordingly, a desire exists for tech 
niques for accurately and cost-effectively performing capac 
ity planning analysis. In particular, a desire exists for systems 
and methods for generating a synthetic workload that is fairly 
representative of a future projection of a given workload (e.g., 
with consistent characteristics as the workload that it repre 
sents) that is expected to be encountered by the resource pool 
such that the synthetic workload can be used for future capac 
ity planning analysis for the pool. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 shows an exemplary system according to an 
embodiment of the present invention; 

FIG. 2 shows a block diagram illustrating an exemplary 
technique for analyzing occurrences of a determined resource 
demand pattern for determining weighted average resource 
demands for each of a plurality of intervals present in each 
occurrence, according to one embodiment of the present 
invention; 

FIG. 3 shows an exemplary system that illustrates a tech 
nique employed by one embodiment of the present invention 
for generating an accurate representation of resource 
demands in synthetic workload traces: 

FIG. 4A shows a graph for an exemplary three-week his 
torical workload demand trace; 

FIG. 4B shows a graph illustrating a periodogram of the 
exemplary three-week historical workload demand trace of 
FIG. 4A; 

FIG. 4C shows a graph illustrating auto-correlation of the 
exemplary historical workload demand trace of FIG. 4A: 

FIG. 4D shows a graph illustrating an extracted resource 
demand pattern determined for the exemplary historical 
workload demand trace of FIG. 4A; 

FIG. 5 shows a graph illustrating historical, synthetic, and 
future workload demands for an exemplary case study: 

FIG. 6 shows a graph comparing the periodogram of the 
original workload trace and a generated synthetic workload 
trace for this exemplary case study: 

FIG.7 shows a graph comparing the auto-correlation of the 
original workload trace and a generated synthetic workload 
trace for this exemplary case study: 
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FIG. 8 shows an operational flow diagram according to one 

embodiment of the present invention; 
FIG. 9 shows another operational flow diagram according 

to an embodiment of the present invention; and 
FIG. 10 shows an exemplary system on which certain 

embodiments of the present invention may be implemented. 

DETAILED DESCRIPTION 

Various embodiments of the present invention are now 
described with reference to the above figures, wherein like 
reference numerals represent like parts throughout the several 
views. As described further below, the present invention pro 
vides systems and methods for generating synthetic workload 
traces that are representative of future resource demands 
expected to be encountered by a computing system for a 
workload. Such synthetic workload traces may thus be used 
in capacity planning for the computing system. 

According to certain embodiments, systems and methods 
for generating synthetic workload traces based on represen 
tative workload demand patterns are provided. That is, 
according to certain embodiments, a representative workload 
that reflects resource demands of a workload over a period of 
time. Such as over a 6-month period of time, is evaluated to 
determine resource demand patterns, if any, that are present 
within the workload. Such representative workload may, in 
Some instances, be an actual historical workload of resource 
demands observed for a computing system. The patterns 
observed may be cyclic, repeating patterns of resource 
demands, such as hourly, daily, weekly, monthly, etc. Accord 
ing to certain embodiments, the determined resource demand 
pattern for a workload is used in generating synthetic work 
load traces. 

Further, according to certain embodiments, the represen 
tative workload is evaluated to determine a trend of the work 
load’s resource demands, such as whether the workloads 
resource demands are increasing or decreasing overtime, etc. 
In certain embodiments, the trend is determined by analyzing 
occurrences of the determined pattern within the representa 
tive (e.g., historical) workload. For instance, differences 
between various occurrences of the determined pattern within 
the representative workload may be evaluated to determine 
the trend of the workload’s resource demands. From the 
determined trend, certain embodiments of the present inven 
tion may determine how the workload’s resource demands 
are expected to change in the future. As such, the determined 
trending information may be used for forecasting what the 
workload’s resource demands are likely to be in the future. 
Thus, according to certain embodiments, the determined 
trending information is taken into account in generating the 
synthetic workload trace(s) so that the generated synthetic 
workload traces are representative of the resource demands 
that are likely expected in the future. 

According to certain embodiments, synthetic workload 
traces that are representative of future resource demands 
expected to be encountered by a computing system for a 
workload are generated in a manner Such that the synthetic 
workload traces maintain characteristics consistent with the 
workload being represented. For instance, not only are total 
resource demands and peak resource demands for occur 
rences of a pattern represented in the synthetic workload 
traces, but also such characteristics regarding contiguous 
resource demands that are encountered over a plurality of 
monitoring intervals in occurrences of the pattern are also 
represented in the synthetic workload traces consistent with 
the representative workload. As mentioned above, a pattern 
may be a repeating pattern of resource demands by a work 
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load over some period of time, such as an hourly period, daily 
period, weekly period, monthly period, etc. Within each 
occurrence of Such a pattern's period, there exists a plurality 
of resource demand measurement intervals. For instance, 
within a given occurrence of a pattern within a representative 
workload (e.g. a historical workload), there exists a plurality 
of intervals (e.g., 5-minute intervals, etc.) with corresponding 
measurement of resource demands of the workload made 
during each interval. According to certain embodiments, in 
forming the synthetic workload traces, a block of a plurality 
of contiguous intervals are randomly selected from the occur 
rences of the pattern in the representative workload (e.g., 
historical workload), and Such block is used in forming the 
synthetic workload traces in a manner that maintains the 
internal demands of an occurrence of the pattern in the Syn 
thetic trace consistent with the internal demands of occur 
rences of the pattern in the representative workload (e.g., 
historical workload). In this manner, not only may the total 
resource demands made by an occurrence of the pattern and 
the peak resource demands made by an occurrence of the 
pattern be accurately represented in the synthetic workload 
trace, but also the internal resource demands made across 
contiguous intervals of time within the pattern are accurately 
represented in the synthetic workload trace. 

According to certain embodiments, multiple instances of 
synthetic workload traces are generated so that the perfor 
mance risks associated with a range of demand variations can 
be assessed. According to certain embodiments, a capacity 
management process is provided for resource pools, which 
makes use of the generated synthetic workload traces to 
enable capacity planners to match Supply and demand for 
resource capacity in a just in time manner. It is expected that 
capacity planners will desire to maintain more capacity than 
required, but this extra amount of capacity would be moti 
vated by the consequences to the enterprise of resource fail 
ures or unanticipated demands within a pool. 
When managing resource pools, there are numerous capac 

ity management questions that may be desired to be answered 
to ensure that resources are used effectively. For example: 
how much capacity is needed to support the current work 
loads? Which workloads should be assigned to each 
resource? What is the performance impact of workload 
scheduler and/or policy settings that govern sharing? How 
should workloads be assigned to make workload Scheduler 
and/or policy settings most effective? What should be done 
when a resource doesn’t have sufficient capacity to meet its 
workloads needs? How many resources will be needed over 
a planning horizon? 

Certain embodiments of the present invention make use of 
generated synthetic workload traces to reduce the effort, and 
hence cost, needed to make best use of computing resources 
(e.g., data center resources) while managing the risks of over 
and under provisioning. 

FIG. 1 shows an exemplary system 10 according to an 
embodiment of the present invention. As shown in this 
example, a representative workload 11, which may be 
referred to as workload trace “L”, of a computing system that 
is under analysis is received by pattern analysis logic 12. 
Representative workload trace 11 represents resource 
demands of a given workload (e.g., a given application, etc.) 
over some period of time, Such as over a 3-month or 6-month 
period. The representative workload 11 may, in some 
embodiments, be data representing an actual historical work 
load encountered by the system under analysis. Thus, 
embodiments of the present invention may be employed to 
analyze an actual (“live') workload encountered by a 
deployed system, which may enable more accurate analysis 
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6 
and planning for the system. That is, representative workload 
11 may comprise data representing resource demands of an 
actual historical workload collected for a computing system 
over a given period of time, say a preceding 6-month period, 
for example. 

Actual historical workload data (e.g., for forming repre 
sentative workload trace 11) may be collected through well 
known application logs and system usage metrics, such as 
CPU utilization measured at defined time intervals (e.g., 5 
minutes or so). As one example, the data collected in access 
logs generated by Hewlett-Packard's OpenView Operations 
Center application server may be used in forming represen 
tative workload trace 11 according to certain embodiments. 
Other types of access logs (e.g., utilization capacity 
attributes, such as CPU, memory, network, and disk I/O), 
which may be customized for their respective applications, 
may be used for collecting a live workload in accordance with 
embodiments of the present invention. 
The representative workload trace 11 may include data that 

reflects an amount of resource demands of the workload over 
a period of time. Such as over a 6-month period. In certain 
embodiments, the representative workload trace 11 may com 
prise a plurality of intervals within the period of monitored 
time. Such as 5-minute intervals within the 6-month moni 
tored period, and data may be provided reflecting the corre 
sponding amount of resource demands made by the workload 
during each interval. Such resource demands may comprise a 
demand for utilization of any resource of the computing sys 
tem, such as an amount of utilization of CPU, memory, I/O 
resources, network bandwidth resources, etc. of the comput 
ing system for performing the desired tasks of the workload. 
In certain embodiments of the present invention, the resource 
demands that are of interest are processing demands (e.g., 
CPU demands), and thus the resource demand data in the 
representative workload trace 11 may reflect the correspond 
ing processing demands (e.g., CPU utilization) for each of the 
plurality of intervals in the monitoring period of time. Of 
course, in other embodiments, the resource demands may 
additionally or alternatively reflect demands by the workload 
for other computing resources. Such as memory utilization, 
I/O access, network bandwidth access, etc. 

Thus, representative workload trace 11 may comprise the 
above-mentioned data, which is stored to a computer-read 
able medium, Such as memory, hard drive, peripheral data 
storage drive, optical data storage (e.g., CD, DVD, etc.), 
magnetic data storage, tape storage, etc. Representative 
workload trace 11 may be stored in the form of any suitable 
data structure. Such as to a database, file, table, etc. Again, in 
certain embodiments, such data may represent resource 
demands of an actual historical workload encountered by a 
computing system under analysis. 

Pattern analysis logic 12 receives the representative work 
load trace 11 with N measurement intervals and analyzes such 
representative workload trace 11 to determine, in operational 
block 101, a pattern “P” if any, of resource demands that 
exists within the representative workload trace 11. The deter 
mined resource demand pattern “P” may be a cyclic, repeat 
ing pattern of the resource demands that occurs within the 
representative workload trace 11, Such as an hourly, daily, 
weekly, monthly, etc., cyclic pattern. For instance, a pattern 
“P” may be a pattern having a duration that corresponds to M 
measurement intervals, wherein M is less than N. 
According to certain embodiments of the present inven 

tion, pattern analysis logic 12 further uses the determined 
resource demand pattern “P” to, in operational block 102. 
identify a number of occurrences of the pattern “P” within the 
representative workload trace 11. That is, pattern analysis 
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logic 12 may divide the representative workload trace 11 with 
N measurement values into a number of N/M complete occur 
rences (“O'”) of the determined pattern “P” as discussed fur 
ther herein below. 

Further, according to certain embodiments of the present 
invention, pattern analysis logic 12 determines, in operational 
block 103, from the determined occurrences “O'” of pattern 
“P”, a weighted average resource demand for each of a plu 
rality of intervals of duration within the pattern “P”. For 
instance, pattern “P” may be a daily pattern (i.e., a cyclic 
pattern that repeals daily), and within each occurrence of the 
daily pattern in the representative workload trace 11, there 
may exist a number of intervals (e.g., 5-minute intervals) for 
which resource demand data is available. For example, there 
exist 2885-minute intervals within a 24-hour period, and thus 
for each occurrence of a daily pattern “P” in the representative 
workload trace 11, there may be 288 5-minute intervals with 
corresponding resource demand data for each interval. The 
weighted average provides a model for the pattern that can be 
used to illustrate expected pattern behavior to an operator and 
to support forecasting exercises where an operator may desire 
to perturb the pattern for the purpose of sensitivity analysis, 
for example. Having a single pattern (i.e., the weighted aver 
age) to work with makes it easier to specify changes. 

Further, in certain embodiments system 10 further com 
prises trendanalysis logic 13, which is operable to analyze the 
determined pattern “P” to determine a trend in the workload, 
wherein Such trend may be used for projecting (e.g., estimat 
ing) the future resource demands of the workload. For 
instance, the representative workload trace 11 for the preced 
ing 6 months may be analyzed to determined occurrences of 
a pattern “P” of resource demands, and trend analysis logic 13 
may further analyze the occurrences of pattern “P” within the 
representative workload trace 11 to determine a trend that 
may be used for projecting (e.g., estimating) the resource 
demands of the workload trace that are expected for the 
upcoming 6 months (or other future period of time). For 
example, as shown in the operational block 104, according to 
certain embodiments of the present invention, trend analysis 
logic 13 analyzes differences in each occurrence “O'” of the 
pattern “P” in the representative workload 11 to determine a 
trend of the workload resource demands. 

According to certain embodiments of the present inven 
tion, system 10 comprises synthetic workload trace genera 
tion logic 14that is operable to generate one or more synthetic 
workload traces 15 that are representative of an expected 
future resource demands of the workload under analysis (i.e., 
the workload for which representative workload trace 11 was 
captured). As discussed further herein, it is generally desir 
able for the generated synthetic workload trace to possess 
characteristics consistent with those of the workload that the 
trace is intended to represent. Thus, for accurate capacity 
planning analysis, not only are such characteristics as total 
resource demands and peak resource demands that occur 
within an occurrence of a pattern P desired to be properly 
reflected, but other characteristics of the underlying trace, 
such as the internal resource demands within the pattern P 
should be accurately represented in the synthetic workload 
trace. For instance, a pattern in which resource demands are 
high for a plurality of contiguous intervals and are then low 
for a plurality of contiguous intervals may not be accurately 
represented (e.g., for capacity planning purposes) by a syn 
thetic workload trace which evenly distributes the resource 
demands across the pattern, even though the total resource 
demands and peak resource demands may be accurately rep 
resented by the synthetic workload trace. Thus, it is desirable 
to accurately represent, in a synthetic workload trace, the 
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8 
internal characteristics of a given pattern, Such as the resource 
demands that are persistent over a plurality of contiguous 
intervals within the pattern. Accordingly, as discussed further 
herein, in certain embodiments, synthetic workload trace 
generation logic 14 randomly selects, in operational block 
105, blocks of “b' contiguous intervals from occurrences “O'” 
of pattern “P” in the representative workload trace 11. While 
this is described as a “random' selection of blocks, in certain 
embodiments, the random selection may be based on weights 
from the weighted average determined in block 103. Thus, the 
randomness of the selection may, in certain embodiments, be 
influenced by certain factors, such as the weighted average 
determined in block 103. 

Synthetic workload trace generation logic 14 then projects 
the pattern of resource demands forward, in operational block 
106, in order to determine a synthetic workload trace that is 
representative of future-expected resource demands of the 
workload under analysis. In doing so, synthetic workload 
trace generation logic 14 may, in operational block 107. 
modify resource demands for the intervals of the selected 
blocks to reflect a trend (as determined by trendanalysis logic 
13) in generating the resource demands of the synthetic work 
load trace(s) 15. 

In certain embodiments, synthetic workload trace genera 
tion logic 14 repeats to generate a plurality of instances of 
synthetic workload traces, such as instances 108, 108. . . . 
108 shown in FIG. 1. As described further herein, such 
plurality of instances may enable analysis of a range of pos 
sible resource demands that may be encountered in the future 
for the workload tinder analysis, thus allowing the risks asso 
ciated with Such possible resource demand traces to be con 
sidered. 
As with the representative workload trace 11, the generated 

synthetic workload trace(s) 15 (e.g., each instance 108-108 
of Such synthetic workload trace) may thus comprise data 
reflecting corresponding amount of resource demands 
expected (e.g., in each of a plurality of intervals) for the 
workload over a future period of time, which is stored to a 
computer-readable medium, Such as memory, hard drive, 
peripheral data storage drive, optical data storage (e.g., CD, 
DVD, etc.), magnetic data storage, tape storage, etc. Gener 
ated synthetic workload trace(s) 15 may be stored in the form 
of any Suitable data structure. Such as to a database, file, table, 
etc. 

According to certain embodiments, system 10 further com 
prises capacity planning analysis logic 16 that receives the 
generated synthetic workload trace(s) 15 for one or more 
workloads under analysis and analyzes the capacity of the 
resources of a computing system for Supporting Such syn 
thetic workload traces. In this manner, the capacity of a given 
computing system for Supporting expected future resource 
demands of a given workload that is under analysis can be 
evaluated. Further, a plurality of workloads can be evaluated 
to determine which workloads may best share a given 
resource, etc. For instance, by evaluating generated synthetic 
workload traces for a plurality of different workloads, capac 
ity planning analysis logic can determine how the resource 
demands of the different workload traces interact, such as 
whether the resource demand peaks of the different workload 
traces occur simultaneously. As a result, the aggregate 
resource demands for serving the different workloads can be 
evaluated for determining an optimal assignment of the dif 
ferent resources to various shared resources (e.g., determin 
ing which resources are best for sharing a given resource, etc.) 

Various elements of exemplary system 10, Such as pattern 
analysis logic 12, trend analysis logic 13, Synthetic workload 
trace generation logic 14, and capacity planning analysis 
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logic 16 may be implemented as computer-executable soft 
ware code stored to a computer-readable medium and/or as 
hardware logic, as examples. 

FIG. 2 shows a block diagram illustrating an exemplary 
technique for analyzing occurrences of a determined resource 
demand pattern for determining weighted average resource 
demands for each of a plurality of intervals present in each 
occurrence, according to one embodiment of the present 
invention. As shown in FIG. 2, representative workload trace 
11 includes a plurality of measurement intervals 2011, 2012, 
201, . . . , 201, each with a corresponding amount of 
resource demand (e.g., CPU utilization) of the workload. As 
mentioned above, a resource demand pattern “P” 21 may be 
determined from the representative workload trace 11, and as 
shown in FIG. 2 a plurality of occurrences 22, 22, 22, ..., 
etc., of such pattern “P” may be identified in the representa 
tive workload trace 11. Each occurrence of the pattern “P” 
may include a plurality of resource demand measurement 
intervals. For instance, if the pattern “P” is a daily patternand 
the measurement intervals 2011-201 are each 5-minute 
intervals, then there exists 288 of such measurement intervals 
in each occurrence of the daily “P”, pattern. In the example of 
FIG. 2, each occurrence of the pattern P includes Y resource 
demand measurement intervals, wherein Y is any number 
greater than 1. So, occurrence 22 of pattern “P” includes 
resource demand measurement intervals 202, 202. . . . . 
202(e.g., the Y resource demand intervals of the first occur 
rence of the pattern P identified in representative workload 
11); occurrence 22 of pattern “P” includes resource demand 
measurement intervals 203,203,..., 203; and occurrence 
22 of pattern “P” includes resource demand measurement 
intervals 204, 204. . . . . 204. 
A weighted average resource demand 23 of the occur 

rences 221-223 of the pattern P is derived from an analysis of 
the occurrences of Such pattern d More specifically, a 
weighted average of the resource demands is derived for each 
of the Y intervals present in the occurrences of the pattern P. 
Thus, a weighted average resource demand 205 for interval 
1 of the occurrences of the pattern P is determined, a weighted 
average resource demand 205, for interval 2 of the occur 
rences of the pattern P is determined, and so on through a 
weighted average resource demand 205 being determined 
for interval Y of the occurrences of the pattern P. Thus, 
weighted average resource demand 205 is determined from 
analysis of the resource demands present in intervals 202, 
203, and 204 of occurrences 22-22 of pattern P. Similarly, 
weighted average resource demand 205, is determined from 
analysis of the resource demands present in intervals 202, 
203, and 204 of occurrences 22-22 of pattern P; and so on. 
Exemplary techniques that may be employed in certain 
embodiments for determining the weighted average resource 
demands for the intervals present in the occurrences of the 
pattern P are described further herein. As mentioned above, 
the determined weighted average resource demands may be 
used to facilitate operator based forecasting and/or for 
weighting the random selections of blocks of contiguous 
intervals within an occurrence of a pattern, as examples. 
As mentioned above, according to certain embodiments of 

the present invention, synthetic workload trace generation 
logic 14 is operable to generate synthetic workload traces that 
maintain an accurate representation of resource demands that 
occur internally within occurrences of a resource demand 
pattern. FIG.3 shows an exemplary system 30 that illustrates 
a technique employed by one embodiment of the present 
invention for generating Such an accurate representation of 
resource demands in synthetic workload traces. As discussed 
above with FIG. 2, representative workload 11 includes a 
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10 
plurality of resource demand measurement intervals 2011 
201. Further, as discussed above with FIG. 2, a plurality of 
occurrences 22-22 of the pattern P are identified in the 
representative workload 11, wherein each occurrence com 
prises Y resource demand measurement intervals. 

According to one embodiment, synthetic workload trace 
generation logic 14 randomly selects, in operational block 
105, blocks of “b' contiguous intervals from the identified 
occurrences of pattern P. Thus, as shown in FIG.3, informing 
a first instance of a synthetic workloadtrace (e.g., trace 108). 
synthetic workload generation logic 14 randomly selects a 
first block “b of K contiguous resource demand intervals 
202-202 from one of the occurrences, in this case occur 
rence 22, of pattern P. Further blocks of contiguous resource 
demand intervals may be selected in forming such first 
instance of a synthetic workload trace. For instance, in the 
illustrated example, synthetic workload generation logic 14 
randomly selects a second block “b of a plurality of con 
tiguous resource demand intervals 203-203, from one of 
the occurrences, in this case occurrence 22, of pattern P. The 
selected blocks of contiguous intervals are used in forming 
the synthetic workload trace (e.g., trace 108) as described 
further herein. 

According to one embodiment, the number of “K” contigu 
ous intervals in a block relates to overload epochs of duration 
“s' for a workload 11 where a contiguous sequence of 
demand values exceeds some threshold that may relate to a 
service level agreement. For example, for some workload the 
CPU demand may be greater than 80% utilization for 4 con 
secutive 5-minute measurement intervals. “K” may be chosen 
to represent a high percentile of the longest overload epochs 
for a workload trace 11. In one embodiment, “K” contiguous 
intervals may correspond to a duration that is equal to the 
longest overload epoch. In another embodiment, it may cor 
respond to a percentile. Such as a 95-percentile, for the dura 
tion of such epochs. The full synthetic trace may beformed by 
appending Successively generated blocks. The number of 
blocks generated may be chosen to match the desired forecast 
duration, e.g., one week, two months, etc., into the future. 
As mentioned above, it may be desirable to predict future 

resource demands of a given workload. A workload demand 
prediction service may serve one or more of at least three 
purposes: i) to recognize whether a workload’s demands 
change significantly over time; ii) to Support the generation of 
synthetic demand traces that represent future demands for 
each workload (e.g., demands for several weeks or months 
into the future) to Support capacity planning exercises; and, 
iii) to provide a convenient model (e.g., using the above 
mentioned weighted average model) that can be used to Sup 
port forecasting exercises. Exemplary techniques that may be 
employed according to embodiments of the present invention 
for implementing a workload demand prediction service are 
described further below. 
Demand prediction can be performed for various future 

time periods, such as short-term (e.g., the next 5 minutes), 
mid-term (e.g., the next couple of weeks), and long-term 
(e.g., the next 6 months). Generally, for capacity manage 
ment/planning analysis, predicting workload demands for at 
least a couple of weeks up to several months is generally 
desired. Furthermore, detailed time-dependent information 
about the behavior of the workloads is generally desired for 
performing Such capacity planning analysis. Therefore, cer 
tain embodiments of the present invention provides long-term 
workload demand prediction by analyzing the cyclical behav 
ior of a workload’s observed demands, extract patterns of the 
workload’s demands, and predict the future demands of the 
workload. 
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In the area of short-term prediction, models like ARMA 
(see e.g., G. E. P. Box, C. Jenkins and G. Reinsel. Time Series 
Analysis. Forecasting and Control. Prentice Hall, Upper 
Saddle River, N.J., USA, third edition, 1994) or GARCH (see 
e.g., R. F. Engle. Autoregressive Conditional Heteroscedas 
ticity with Estimates of the Variance of United Kingdom 
Inflation. Econometrica, 50(4):987-1008, 1982) might work 
very well. But, in the case of longer forecasts, their predic 
tions converge fast against the mean value. Thus, different 
techniques are desired, particularly for long-term prediction. 
Any suitable technique may be employed by pattern analy 

sis logic 12 for evaluating a historical workload 11 and rec 
ognizing a pattern “P” of resource demands within Such his 
torical workload 11. According to one embodiment, pattern 
analysis logic 12 employs a three-stage approach to recognize 
alikely pattern “P” within historical workload 11, see e.g., M. 
Wimmer and V. Nicolescu and D.Gmachand M. Mohr and A. 
Kemper and H. Kremar, “Evaluation of Adaptive Computing 
Concepts for Classical ERP Systems and Enterprise Ser 
vices.” Proceedings of the IEEE Joint Conference on E-Com 
merce Technology and Enterprise Computing, E-Commerce 
and E-Services (CEC06 and EEE06), San Francisco, Calif., 
USA, June 2006, the disclosure of which is hereby incorpo 
rated herein by reference. In the first phase, many hypotheti 
cal patterns are found. In the second phase, trends are com 
puted using techniques described further in co-pending and 
commonly-assigned U.S. patent application Ser. No. 1 1/742, 
519 titled SYSTEMAND METHOD FOREVALUATING 
A PATTERN OF RESOURCE DEMANDS OF A WORK 
LOAD, the disclosure of which is hereby incorporated 
herein by reference. Finally, in the third phase, the hypotheti 
cal patterns are evaluated and a recommendation is made 
regarding the most likely pattern for the workload. The rec 
ommendation may be that the workload is periodic with a 
certain cycle time or a-periodic Such that no clear cycle time 
was found. In both cases the trend is also reported. 
One exemplary implementation of pattern analysis logic 

12 is now briefly described. Given a historic workload trace 
L (1(t)), which is represented by N contiguous demand 
values 10t), pattern analysis logic 12 may extract a demand 
pattern P=(p(t)), M2 with M contiguous demand Val 
ues p(t) with the assumption that the workload has a cyclic 
behavior. This assumption is evaluated in a later classification 
phase. According to a classical additive component model, a 
time series includes a trend component, a cyclical compo 
nent, and a remainder, e.g., characterizing the influence of 
noise. According to this exemplary implementation, the trend 
is a monotonic function, modeling an overall upward or 
downward change in demand. 
The process for extracting a representative demand pattern 

from a historical workload that is employed by this exemplary 
implementation of pattern analysis logic 12 is illustrated with 
FIGS. 4A-4D. FIG. 4A illustrates a graph for a three-week 
historical workload demand trace. Note that in this example 
there was a public holiday during the second week of the 
trace. 

To start the analysis of this exemplary embodiment, pattern 
analysis logic 12 identifies the cyclical component that 
describes the periodic characteristics of the workload. To 
determine the yet unknown duration, M., of the pattern, pat 
tern analysis logic 12 begins with an evaluation of the work 
loads periodogram function, as shown in the graph of FIG. 
4B. A Fourier transformation gives an overlay of harmonics 
for the time-varying magnitude of demand. The periodogram 
shows the intensity, I, with which a harmonic of a wavelength 
w is present in the workload. The most dominant frequencies 
provide information about the duration of a potential pattern. 
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Intuitively, if the periodogram function has a local maximum 
at 0, then it is likely that there exists a representative pattern 
of length w. In general, it is not the case that the wavelength 
with the global maximum, named max, is most representa 
tive. Thus, according to this exemplary embodiment, pattern 
analysis logic 12 determines a set A={ . . . . . . of local 
maxima positions, with IO)>max/2 for every lsisk. For 
instance, in the periodogram in FIG. 4B, detect two local 
maxima are detected. The first maximum proposes a wave 
length of 1 day and the second maximum proposes one at 7 
days. 

In addition to the periodogram, pattern analysis logic 12, 
according to this exemplary embodiment, calculates the auto 
correlation function for the workload demand trace. For a 
formal definition and further details on auto-correlation unc 
tion, see G. E. P. Box, G. Jenkins and G. Reinsel. Time Series 
Analysis. Forecasting and Control. Prentice Hall, Upper 
Saddle River, N.J., USA, third edition, 1994. FIG. 4C shows 
agraph illustrating the auto-correlation function for the work 
load. It describes dependencies within the workload curve, 
i.e., the similarity between the workload and the workload 
shifted by a lagg. A high value p for the auto-correlation at lag 
g denotes that the p workload curve shifted by glooks similar 
to the original one. Thus, if the auto-correlation shows local 
extrema at multiples of a lagg, it is a strong indicator that 
there exists a temporal dependency of length g. In the same 
way as with the periodogram, pattern analysis logic 12, 
according to this exemplary embodiment, determines a set of 
hypotheses by {}. . . . . ...} of significant local extreme 
positions and add them to the set A. 

Workloads from enterprise data centers typically show a 
periodicity which is a multiple of hours, days, weeks, and so 
forth. Due to unavoidable computational inaccuracies and 
influences of irregular events and noise, the wavelengths in A 
can diverge slightly from these typical periods. Thus, accord 
ing to certain embodiments, a comparison to calendar-spe 
cific periods is performed to determine for every wavelength 
candidate w, the best matching multiple of hours, days, and 
weeks and augment A with corrected wavelengths so that they 
are also considered. 

In the second phase of this exemplary embodiment, pattern 
analysis logic 12 selects the best candidate wavelength. A 
from the WeA. For each, pattern analysis logic 12 computes 
the average magnitude for p at multiples of W. For example, 
if W. 1 day, then pattern analysis logic 12 takes the average of 
p, from observations at lags of one day. If W 7 days, then 
pattern analysis logic 12 takes the average of p, from obser 
vations at lags of seven days. If the workload exhibits a 
pattern with length, then the workload after shifting it by 
multiples of , is similar to itself and thus the auto-correlation 
function exhibits high values at the lags {v: IveN}. The 
average magnitudep, is a measure of similarity among cyclic 
repetitions in demand for W. For the example in FIG. 4C, -7 
days has the highest average magnitude p' as compared to 
other values for W, and is thus recognized as the best pattern 
length. This implies that the pattern length is M=2016 inter 
vals of duration d=5 minutes (note that there are 288 5-min 
utes intervals per day). It should be noted that FIG. 4C does 
not illustrate lags beyond 11 days, even though they are 
included in the computation. 
The chosen value for the pattern length of M intervals is 

used to calculate the pattern P=(p(t)) for the workload. 
First, according to this exemplary embodiment of pattern 
analysis logic 12, the pattern analysis logic 12 defines occur 
rences for the pattern and then defines the pattern's demand 
values (p(t)). Given M, the workload L is divided into N/M 
complete occurrences and possibly one partial occurrence, as 
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in operational block 102 of FIG.1. Let Obe the occurrences 
of the pattern for osN/M+1. Thus, occurrence o is a subtrace 
of the trace L with values 1(t)=l(t) for each lisms.M. 
For every interval t in the pattern, pattern analysis logic 12 
calculates a weighted average p(t) for the interval, as in 
operational block 103 of FIG. 1. In this exemplary embodi 
ment, the weighted average is computed using intervals to 
from the occurrences O of the pattern. Thus, in this embodi 
ment, we define a weight, W for each occurrence o and 
interval mas: 

onas 

(in) 
W. F " X P(t) 

With these weights, the weighted average demand for each 
interval t is computed as p(t,n)-X-Wali(t). The resulting 
weighted average may be used to emphasize the importance 
oflarger values over Smaller values for capacity management. 

FIG. 4D shows the pattern and an occurrence of the pattern 
together in one diagram. It should be noted that the curves 
closely resemble one another. 

In the next phase of this exemplary embodiment, trend 
analysis logic 13 analyzes the trend of the historical workload 
trace 11. For this, trendanalysis logic 13 calculates the overall 
deviation of each occurrence of the pattern from the original 
workload L. Letc. be the difference between the p(t) and 
the demand value for interval t in the occurrence o. We 
define c as the aggregate demand difference of occurrence o 
with respect to the pattern P as: c-X(p(t)-l(t)). 
Further, we define the trendt as the gradient of the linear least 
squares fit through the values c for the occurrences O as 
ordered by time (see e.g., N. R. Draper and H. Smith. Applied 
Regression Analysis. John Wiley & Sons, New York, N.Y., 
USA, third edition, 1998). The trend testimates the rate of 
change of demand over time with respect to the pattern. 
The classification phase decides which workloads have 

periodic behavior. The classification is based on two mea 
sures for the quality of the pattern. The first measure isp' from 
above. Larger values for p' imply a better quality of fit. The 
second measure characterizes the difference between occur 
rences O and the pattern. The difference is computed as the 
average absolute error 

lsinsic 
N 

between the original workload and the pattern P. Smaller 
differences suggest a better quality of pattern. 

To classify the quality of patterns for a large number of 
workloads, certain embodiments employ a k means cluster 
algorithm (see e.g., J. A. Hartigan and M. A. Wong. A 
K-Means Clustering Algorithm. In Applied Statistics, Vol. 28, 
pp. 100-108, 1979) with clustering attributes and p". The 
algorithm partitions the patterns into three groups that we 
interpret as having strong, medium, or weak patterns. Weak 
patterns are regarded as a periodic because no clear cycle 
could be deduced for the trace. A trace of extended duration 
may provide insight into longer cycles. 
An exemplary embodiment of synthetic workload trace 

generation logic 14 is now described. In this embodiment, 
synthetic workload trace generation logic 14 employs a novel 
process for generating a synthetic trace to represent a future 
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14 
workload demand trace L for some time period in the future. 
Typically, traces are generated to represent demands for a 
time period that is several weeks or months into the future. 
The general goal for a synthetic trace, according to this 
embodiment, is to capture the highs and lows of demand and 
contiguous sequences of demand. These are important char 
acteristics for accurately modeling a workloads ability to 
share resource capacity with other workloads and to model 
required capacity for the workload. Furthermore, this exem 
plary embodiments supports the ability to introduce an 
observed trend or forecast information. 
To generate an occurrence o' for L', this exemplary embodi 

ment relies on the historical pattern occurrences O. A value 
1(t) is chosen randomly from the corresponding to values 
from O. Given a sufficiently large number of future occur 
rences O', synthetic workload trace generation logic 14 will 
obtain the same time-varying distribution of demands as in O. 
This results in a pattern of demands that captures the lows and 
highs of demand in a representative way. Furthermore, we 
note that the occurrences may have a trendt. For the sequence 
of historical pattern occurrences, synthetic workload trace 
generation logic 14 normalizes the demand values so that the 
trend is removed with respect to the last occurrence before 
constructing O'. 

Unfortunately, this approach may not necessarily offer the 
same required capacity as the original occurrences. To better 
model required capacity, it becomes desirable to take into 
account sequences of contiguous demands in the trace L. This 
exemplary embodiment of synthetic workload trace genera 
tion logic 14 accomplishes this by randomly selecting blocks 
ofb intervals t, t, ..., t, at a time from the occurrences 
O. In this way, the synthetically generated traces 15 have 
contiguous sequences of demand that are similar to the his 
torical trace 11. Preferably, the value b should be larger than 
the number of intervals in the greatest overloadepochs so that 
the impact of continuous demands are fully realized when 
evaluating required capacity. 
Demands 1(t) in the synthetic trace are augmented to 

reflect the trendt. In this exemplary embodiment, we assume 
an additive model. For each future occurrence o', synthetic 
workload trace generation logic 14 computes an absolute 
value based on T. that is to be added to each demand in 
occurrence o'. The further o' is into the future, the greater the 
change with respect to the historical data, assuming T is not 
ZO. 

According to one embodiment, the capacity planning 
analysis steps are repeated using multiple randomly gener 
ated instances of L', such as instances 108-108 of FIG. 1 to 
better characterize the range of potential behavior for the 
overall system. Multiple instances better characterize future 
interactions in demands among multiple workloads. By ana 
lyzing a range of possible behaviors we gain insight into the 
risks of performance degradation. 

Finally, a workload pattern Pbased on a weighted average 
provides a convenient way to express what-if-scenarios and 
business forecasts that are not observable to us from historic 
data. Suppose, for example, that we have a pattern P with O 
occurrences and we require a change to the pattern; then, we 
can express a change once with respect to Prather than once 
for each of the possibly many O occurrences of pattern P. 
Now, an exemplary case study is briefly described to illus 

trate the representativeness of a synthetic workload trace 
generated using the above-described exemplary embodiment. 
In this case study, we use three weeks of historic data from 
May 14 through June 4 to generate a synthetic trace for the 
next two weeks, using trending, and compare the character 
istics with that of the actual workload data for the following 
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two weeks, namely June 5 through June 18. FIG. 5 shows the 
corresponding historical, synthetic, and future workload 
demands. The trend is clearly useful at this timescale. 

To further assess the representativeness of the synthetic 
trace as compared with the historic data for this exemplary 
case study, we see that FIGS. 6 and 7 show that the peri 
odogram and auto-correlation functions for the two data sets 
are very similar. Finally, the required capacity values for the 
historic, synthetic, and actual future workload demands were 
508, 455, and 461 units of demand, respectively. Thus the 
synthetic trace has both a similar pattern and required capac 
ity as the actual demand trace it aimed to predict. 

FIG. 8 shows an exemplary operational flow diagram 
according to one embodiment of the present invention. In 
operational block 81, a synthetic workload generator (e.g., 
synthetic workload trace generation logic 14 of FIG. 1) 
receives a pattern P that is determined as representative of 
resource demands of a given workload such as workload “L” 
11 of FIG. 1. In block 82, the synthetic workload generator 
generates a synthetic workload of resource demands (e.g., 
synthetic workload trace(s) 15 of FIG. 1) that is representative 
of expected future resource demands of the given workload. 
The generating operation (block 82) comprises operational 
block 801 in which the synthetic workload generator selects, 
from a representative workload (e.g., workload L11 of FIG. 
1) of the given workload that comprises a plurality of occur 
rences of the pattern (e.g., occurrences 22-22 of FIG. 2), 
wherein each occurrence of the pattern comprises a plurality 
of resource demand measurement intervals (e.g., occurrence 
22 of FIG. 2 comprises resource demand measurement inter 
vals 202-202), at least one contiguous block of measure 
ment intervals present within an occurrence of the pattern. As 
mentioned above, by selecting such a contiguous block of 
measurement intervals, the characteristics of the resource 
demands within a resource demand pattern can be accurately 
reflected within the synthetic workload that is generated. 

FIG. 9 shows an exemplary operational flow diagram 
according to another embodiment of the present invention. In 
this example, a pattern P of resource demands in a workload 
trace (e.g., workload trace L 11 of FIG. 1) is received (e.g., by 
pattern analysis logic 12), in operational block 91. In opera 
tional block 92, a plurality of occurrences of the determined 
pattern that are present in the workload trace are identified 
(e.g., by the pattern analysis logic 12). In operational block 
93, the occurrences are analyzed (e.g., by trendanalysis logic 
13) to determine a trend of the workload trace. In operational 
block 94, at least one synthetic workload trace (e.g., workload 
trace(s) 15 of FIG. 1) are generated (e.g., by synthetic work 
load trace generation logic 14 of FIG. 1) that are representa 
tive of expected resource demands of the received workload 
trace accounting for the determined trend. The generating 
operation (block 94) comprises operational block 901 in this 
example in which Such generating comprises selecting, from 
the plurality of occurrences, at least one block of intervals that 
comprises a plurality of contiguous intervals of duration. 
Again, by selecting such a contiguous block of measurement 
intervals, the characteristics of the resource demands within a 
resource demand pattern can be accurately reflected within 
the synthetic workload that is generated. 
When implemented via computer-executable instructions, 

various elements of embodiments of the present invention are 
in essence the Software code defining the operations of Such 
various elements. The executable instructions or software 
code may be obtained from a readable medium (e.g., a hard 
drive media, optical media, EPROM, EEPROM, tape media, 
cartridge media, flash memory, ROM, memory stick, and/or 
the like) or communicated via a data signal from a commu 
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16 
nication medium (e.g., the Internet). In fact, readable media 
can include any medium that can store or transfer informa 
tion. 

FIG. 10 illustrates an exemplary computer system 1000 on 
which various elements of embodiments of the present inven 
tion, such as pattern analysis logic 12, trendanalysis logic 13, 
synthetic workload trace generation logic 14, and/or capacity 
planning analysis logic 16, may be implemented according to 
certain embodiments of the present invention. Central pro 
cessing unit (CPU) 1001 is coupled to system bus 1002. CPU 
1001 may be any general-purpose CPU. The present inven 
tion is not restricted by the architecture of CPU 1001 (or other 
components of exemplary system 1000) as long as CPU 1001 
(and other components of system 1000) supports the inven 
tive operations as described herein. CPU 1001 may execute 
the various logical instructions according to embodiments of 
the present invention. For example, CPU 1001 may execute 
machine-level instructions according to the exemplary opera 
tional flows described above in conjunction with FIGS. 8-9. 
Computer system 1000 also preferably includes random 

access memory (RAM) 1003, which may be SRAM, DRAM, 
SDRAM, or the like. Computer system 1000 preferably 
includes read-only memory (ROM) 1004 which may be 
PROM, EPROM, EEPROM, or the like. RAM 1003 and 
ROM 1004 hold user and system data and programs, as is well 
known in the art. 
Computer system 1000 also preferably includes input/out 

put (I/O) adapter 1005, communications adapter 1011, user 
interface adapter 1008, and display adapter 1009. I/O adapter 
1005, user interface adapter 1008, and/or communications 
adapter 1011 may, in certain embodiments, enable a user to 
interact with computer system 1000 in order to input infor 
mation. 

I/O adapter 1005 preferably connects to storage device(s) 
1006, such as one or more of hard drive, compact disc (CD) 
drive, floppy disk drive, tape drive, etc. to computer system 
1000. The storage devices may be utilized when RAM 1003 
is insufficient for the memory requirements associated with 
storing data for operations of the pattern analysis logic 12, 
trend analysis logic 13, Synthetic workload trace generation 
logic 14, and/or capacity planning analysis logic 16. Com 
munications adapter 1011 is preferably adapted to couple 
computer system 1000 to network 1012, which may enable 
information to be input to and/or output from system 1000 via 
such network 1012 (e.g., the Internet or other wide-area net 
work, a local-area network, a public or private Switched tele 
phony network, a wireless network, any combination of the 
foregoing). User interface adapter 1008 couples user input 
devices, such as keyboard 1013, pointing device 1007, and 
microphone 1014 and/or output devices, such as speaker(s) 
1015 to computer system 1000. Display adapter 1009 is 
driven by CPU 1001 to control the display on display device 
1010 to, for example, display information pertaining to 
capacity planning analysis, according to certain embodi 
ments of the present invention. 

It shall be appreciated that the present invention is not 
limited to the architecture of system 1000. For example, any 
suitable processor-based device may be utilized for imple 
menting pattern analysis logic 12, trend analysis logic 13 
synthetic workload trace generation logic 14, and/or capacity 
planning analysis logic 16, including without limitation per 
Sonal computers, laptop computers, computer workstations, 
and multi-processor servers. Moreover, embodiments of the 
present invention may be implemented on application spe 
cific integrated circuits (ASICs) or very large scale integrated 
(VLSI) circuits. In fact, persons of ordinary skill in the art 
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may utilize any number of suitable structures capable of 
executing logical operations according to the embodiments of 
the present invention. 
What is claimed is: 
1. A method executed by a computer system programmed 

to evaluate workload demands on a set of resources, the 
method comprising: 

with a synthetic workload generator of said computer sys 
tem, identifying a pattern within historical data of actual 
resource demands of a given workload; and 

generating, with the synthetic workload generator, a syn 
thetic workload of resource demands that is representa 
tive of expected future resource demands of the given 
workload, wherein the generating comprises: 

Selecting, with the synthetic workload generator, at least 
one contiguous block of resource demand measurement 
intervals present within an occurrence of the pattern 
from said historical data of the given workload, in which 
the historical data comprises a plurality of occurrences 
of the pattern, wherein each occurrence of the pattern 
comprises a plurality of resource demand measurement 
intervals. 

2. The method of claim 1 further comprising, simulating 
operation of said set of resources to process said synthetic 
workload of resource demands. 

3. The method of claim 1 wherein the generating com 
prises: 

generating a plurality of instances of said synthetic work 
load of resource demands. 

4. The method of claim 1 wherein the resource demands are 
memory usage demands. 

5. The method of claim 1 wherein the resource demands are 
input/output (I/O) resource utilization demands. 

6. The method of claim 1 further comprising: 
analyzing the generated synthetic workload of resource 
demands for performing capacity planning for a com 
puter system to which future resource demands of the 
given workload are to be made. 

7. The method of claim 1 wherein said selecting said at 
least one contiguous block of measurement intervals com 
prises: 

randomly selecting K contiguous resource demand mea 
surement intervals from the occurrences of the pattern to 
include in said at least one contiguous block, wherein K 
comprises any number greater than 1. 

8. The method of claim 7 wherein said Knumber of con 
tiguous intervals in said at least one contiguous block is 
determined based on determined overload epochs of duration 
“s' present in the representative workload. 

9. The method of claim 7 wherein said Knumber of con 
tiguous intervals in said at least one contiguous block is 
determined to correspond to a duration of a longest overload 
epoch present in the representative workload. 

10. The method of claim 1 further comprising: 
determining, from the plurality of occurrences of the pat 

tern, a weighted average demand for each of a plurality 
of resource demand measurement intervals present in 
each of the occurrences. 

11. The method of claim 10 further comprising: 
randomly selecting K contiguous resource demand mea 

surement intervals from the occurrences of the pattern to 
include in said at least one contiguous block, wherein K 
comprises any number greater than 1, and wherein said 
randomly selecting is influenced by the determined 
weighted average demand. 
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12. The method of claim 1 further comprising: 
with trend analysis logic of said computer system, analyZ 

ing the occurrences of the pattern to determine a trend of 
the given workloads resource demands. 

13. The method of claim 12 further comprising: 
wherein said generating the synthetic workload of resource 

demands that is representative of expected future 
resource demands of the given workload reflects said 
determined trend. 

14. A method executed by a computer system programmed 
to evaluate workload demands on a set of resources, the 
method comprising: 

with said computer system, identifying a pattern of 
resource demands in a workload trace; 

with said computer system, identifying a plurality of occur 
rences of the pattern in the workload trace; 

with said computer system, analyzing the occurrences to 
determine a trend of the workload trace by comparing 
different occurrences of said pattern; and 

with said computer system, generating at least one syn 
thetic workload trace representative of expected 
resource demands of the received workload trace 
accounting for said determined trend. 

15. The method of claim 14 wherein said generating com 
prises selecting, from the plurality of occurrences, at least one 
block of intervals that comprises a plurality of contiguous 
intervals of duration. 

16. A physical computing system comprising: a processor, 
pattern analysis logic operable to receive a representative 
trace of resource demands of a given workload, identify a 
pattern of resource demands present in the received represen 
tative trace, and identify a plurality of occurrences of the 
identified pattern present in the received representative trace; 

trend analysis logic operable to analyze the occurrences of 
the identified pattern to determine a trend of the resource 
demands of the given workload; and 

synthetic workload trace generation logic operable togen 
erate at least one synthetic workload trace that is repre 
sentative of expected resource demands of the given 
workload accounting for said determined trend. 

17. The system of claim 16 wherein said synthetic work 
load trace generation logic is operable to select, from the 
plurality of occurrences of the identified pattern, at least one 
block of a plurality of contiguous resource demand measure 
ment intervals. 

18. The system of claim 16 wherein said pattern analysis 
logic comprises computer-executable software code stored to 
a computer-readable media, which when executed by a com 
puter causes the computer to perform the recited operability 
of the pattern analysis logic. 

19. The system of claim 16 wherein said trend analysis 
logic comprises computer-executable software code stored to 
a computer-readable media, which when executed by a com 
puter causes the computer to perform the recited operability 
of the trend analysis logic. 

20. The system of claim 16 wherein said synthetic work 
load trace generation logic comprises computer-executable 
software code stored to a computer-readable media, which 
when executed by a computer causes the computer to perform 
the recited operability of the synthetic workload trace gen 
eration logic. 


